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In this study, we present a method for improving the accuracy of the multilevel B-spline approximation
(MBA) method. We combine a point projection method with the MBA method for reducing the approx-
imation error by directly adjusting the control points in the local area. An initial surface is generated by
the MBA method, and grid points are produced on the surface. These grid points are projected onto the

scattered point set, and the distances between the grid points and the projected points are computed. The
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control points are then modified based on the distances. The proposed method shows better approxima-

tions even with the same number of control points and ensures C?-continuity. The experimental results

with examples verify the validity of the proposed method.

© 2017 Society for Computational Design and Engineering. Publishing Services by Elsevier. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

3D scanning is a method for generating scattered data points
that represent the geometric shape of an object. With the improve-
ment in scanning software and hardware technology, 3D scanning
is being used in various fields, such as computer graphics,
computer-aided design, topographic survey, manufacturing, and
medical surgery, for a wide variety of applications. However, there
are certain limitations when scanned data points are used in prac-
tice. For instance, these points are unstructured in most cases;
therefore, it is difficult to derive any useful relations between
them. These relations may be necessary for computation of deriva-
tives, or other intrinsic properties. Moreover, a scanner typically
generates a large number of points, resulting in long processing
times. Thus, new advanced methods are required for analyzing
data, such as reconstructing a surface from a reduced number of
scattered data points and using this surface for extracting various
properties or for data reduction. This approach has been utilized
in various applications (Bertram, Tricoche, & Hagen, 2003;
Carballido-Gamio & Majumdar, 2011; Lee, Chung, Kim, Lee, &
Park, 2005; Seo & Chen, 2009; Wang & Amini, 2011).

Among scattered data fitting methods, the multilevel B-spline
approximation (MBA) method (Lee, Wolberg, & Shin, 1997) is
widely used in practice. This method creates a surface that interpo-
lates the scattered data points using the least squares approach. If
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the approximation error is larger than the user defined tolerance,
the method increases the number of control points through refin-
ing a control net in a hierarchical manner and reduces the approx-
imation error iteratively. However, the method may not yield a
satisfactory result at a fixed hierarchy level. This problem is more
clearly noticed when sharp changes occur in the geometric shape
defined by the point set. Moreover, as the control net is refined
to reduce the approximation error, the number of control points
increases. Consequently, computation time increases. A great deal
of research has been conducted to improve the MBA method.
Zhang, Tang, and Li (1998) proposed a method for adaptively find-
ing an area of large error and performing refinement therein. How-
ever, this method increased the number of control points for
maintaining C2-continuity. Bertram et al. (2003) proposed an
approach that combined adaptive clustering with an approxima-
tion by piecewise polynomials. This approach localized the compu-
tation of the multilevel control lattice and improved efficiency in
terms of computation time. Later, Seo and Chen (2010) suggested
an adaptive lattice partitioning method for reducing computation
cost. Bracco, Giannelli, and Sestini (2017) suggested a new method
for scattered data fitting using a local approximation technique.
The hierarchical b-spline can also be implemented based on the
subdivision scheme as proposed in Bornemann and Cirak (2013),
which relates the basis functions and the coefficients on different
levels algebraically.

Minimizing the number of control points is another issue of the
MBA method. The accuracy of approximation can be easily
improved by refinements, which increase the number of control
points by a factor of four. However, it is beneficial to maintain
the number of control points as small as possible while the
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accuracy requirement is satisfied because this saves memory and
reduces the computation time in the subsequent process.

In this study, a method for improving the accuracy of MBA is
proposed. It combines the MBA method (Lee et al., 1997) with
the point projection approach. Initially, the MBA method is applied
to obtain a surface with control points at one hierarchical level.
Subsequently, the grid points on the surface are projected onto
the input points. The distances between the surface and the pro-
jected points are then computed and applied to the control points.

The paper is structured as follows. The overall process and the
detailed steps of the proposed method are presented in Section 2.
Results and discussion are presented in Section 3. Section 4 con-
cludes the paper with recommended future work.

2. Overall procedure

The overall process of the proposed method is shown in Fig. 1.
2.5D scattered data points are assumed to be given. MBA is first
utilized to form an initial surface for approximating the scattered
data. Points are then generated on the surface by creating a grid
in the parametric domain and mapping the grid points on the sur-
face. The points on the surface are projected onto the scattered
data using a point projection approach. Finally, a B-spline surface
is reconstructed by adjusting the control points, considering the
distances between the points on the surface and the projected
points on the scattered data. A detailed explanation is presented
in the following sections.

2.1. Generation of an initial surface

The initial surface for approximating the 2.5D scattered data
points is generated using the MBA method. This method is well
suited for approximating 2.5D data points by B-splines. The num-
ber of control points on the surface is determined by the approxi-
mation error. The level of refinement, which determines the
number of control points for approximation, is organized in a hier-
archical manner. For completeness, a summary of the method is
presented in the subsequent sections (Lee et al., 1997).

< Scattered data >

{

Generate an initial surface

!

Compute grid points

!

Project the grid points to
the scattered data

!

Adjustment of control
points

C W

Fig. 1. Flowchart of the proposed method.

2.1.1. B-spline approximation in MBA

We assume that there is a rectangular domain Q in the xy-plane
(Q={(x,y)|0<x<m, 0<y<n}) and a control lattice ® with
(m+ 3) x (n+ 3) control points located at (i,j) fori=-1,0,1, ...,
m+1andj=-1,0,...,n+1.The control lattice ® is defined large
enough to cover the domain Q as shown in Fig. 2. Then, the approx-
imation function fis defined as

3 3
fxy) = ZZBk(S)BI(t)¢(i+I<>g+I)7 (1)
k=0 1=0
where i=|x] - 1,j=|y] —1,s=x—|x] and t=y — |y]|. By and B,
are the uniform cubic B-spline basis functions.
When there is a point p = (x.,y,,z:), the control points ¢, can
be determined in the least squares sense to generate a surface
interpolating the point as follows (Lee et al., 1997):

_ BBz

3 a-035-0(Ba($)B (1))
If more than two points p? = (x{,y¢,2zl),q=1,2,3,---,n9 are
near each other, Eq. (2) yields a different control point value ¢!
for each point p? (Lee et al., 1997).
_ By(s)Bi(t)Z¢

Yo% h-0(Ba($)Bs (1))’
Here, k=@G+1)—[x],I=0G+1)— [x],s =X — |Xc], and
t =Y. — |y.]. This implies that there are multiple candidate control
points ¢{ for determining ¢;.

The optimal control point ¢; that minimizes the approximation
error is determined by (Lee et al., 1997)

g [ o (Bu(s)Bu(D))
S [Cho o (Bus)Bi(0))]

wherei= x| —1,j=[y.]—1,s=%— [x.]and t =y, — |y ]-
When there is no point p = (x.,y,,2.), a zero value is assigned to

Pyj-

bu ()

o

(3)

; (4)

i

2.1.2. Multilevel B-spline approximation

The computation process in the previous section is applied to
the multilevel B-spline approximation scheme. We consider a con-
trol lattice ¢, of size (m + 3) x (n + 3). Then, the control lattice ¢,
after the refinement is of size (2m + 3) x (2n + 3). The space of the

vV A
ntl ®
n
n-1
Q
1
0 »
X
-1
0 1 m-1 m m+1

Fig. 2. Rectangular domain Q (thick blue lines) and control lattice ® (thin black
lines).
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control lattice is thereby halved, and the control lattice becomes
finer.

Fig. 3 shows the diagram of the multilevel B-splines approxima-
tion. fy,f; and f, refer to the surface functions. ¢, ¢; and ¢, refer
to the control lattices. Three levels of control lattices are consid-
ered: ¢, with a set of 8 x 8 control points, ¢, with a set of
13 x 13 control points, and ¢, with a set of 18 x 18 control points.
¢, is calculated and then the surface function f is generated using
¢o- The error between the real and the estimated values is calcu-
lated and used for generating the next control lattice. Likewise,
f; is generated again using the ¢, control lattice, and an error is
incurred by f;. This error is used for the determination of ¢,. This
process of refinement and computation of control points is
repeated until the approximation error becomes less than a user
defined tolerance.

2.2. Generation of grid points

Once the initial surface is generated, grid points are extracted
from the surface. The x and y coordinates of the grid points are
selected such that they match those of the control points of the
control lattice. Then, the grid points are overlaid on the control lat-
tice as shown in Fig. 4.

The rectangular domain Q is discretized uniformly to produce
m+1 and n + 1 points in the x and y directions. A uniform cubic
B-spline of degree d is then created using Q for the knot vectors
T, and T, as follows:

T, ={sisi=i/m+3+d), i=0,1,2,---, m+3+d},
T, = {tj|t; =j/(n+3+d), j=0,1,2,---,n+3+d}.

Once the surface is defined, the parameters for the grid are
obtained using the knot values

py = (Ui, vy),
ui:Si+37 i:0717"'7m7
yj:j+37 j:071""’n'

Next, the surface is evaluated at p; to produce the grid points,
which are illustrated in Fig. 4.

AO = ZO fo
q)O
A f;
(D.] >
Abh
¢h >

@ : Grid point

|
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Fig. 4. Discretized points in the domain Q and the control lattice ® laid over the
domain.

2.3. Projection of the grid points to the scattered data

After the grid points are generated, they are projected onto the
scattered data as shown in Fig. 5. To this end, the point projection
approach is utilized. The steps of point projection are summarized
as follows (Azariadis & Sapidis, 2005). Let us assume that there is a
point p=(x,y,z) to be projected onto the n points
Py = (X4,Y4,24),d =0,1,---n—1. Then, the sum of the weighted
squared distances with a weight factor a4 is defined as

n-1
E(p) = adllp - pal’®
d=0

n-1
=Y al(x—x0)* + (Y = ya)* + (2 - 20)°).
d=0

Eq. (5) can be efficiently computed using a five dimensional vector ¢
(Erikson & Manocha, 1999).

A= A f
~ i=12..h

f=fo+f,+ ..+f,

Fig. 3. Process of multilevel B-spline approximation.
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@ : Grid point
Nz M : Scattered data
= Initial surface

*
*
e,
L4
.

Fig. 5. Point projection from an initial surface to the scattered data.

€ =(Co,C1,C2,C3,C4)
n-1 n—1 n—1
Co = Zad, G = Zﬂde G = ZadJ’d,
d=0 d=0 d=0
n-1 n-1
G =) @uza, Ca=Y u(Xs+Yi+23),
d=0 d=0
E(p)=co(® +y* +2°) -

We assume that p* = (x*,y*,z*) is the result of the projection along
the direction n = (n*,n?,n?). Then, p* can be defined as

P =p

Eq. (7) can be rewritten using Eq. (8) as follows (Erikson & Manocha,
1999):

E(p*(£)) =co((x(1))* + (v (1)* + (z'(1))°)
= 2(c1X*(t) + c2y* (t) + €327 (L)) + Ca.

2(C1X + €2y + €32) + Ca. (7)

—p+tn 8)

9)

The minimum of Eq. (9) is obtained by determining a root of the
derivative of Eq. (9) with respect to t equal to zero as follows
(Erikson & Manocha, 1999):

dE@(0) L o _ . i-p

S Ew =02 =78 (10)

i:(clnx+c2ny+c3nz)’ (11)
Co

2 *

LERO) b (1) = 2l > 0 (12)

Eq. (12) shows that t in Eq. (10) is a minimum solution for Eq. (9).
This t is utilized for projecting the point p onto the points obtained
by Eq. (8). During the projection process, the weight factor a, plays
a key role. Three methods for estimating the weight factors are sug-
gested in Azariadis and Sapidis (2005), Azariadis (2004), Moon,
Park, and Ko (2017).

= age (0,00, (13)

P — pdll

! aq € [0,1] (14)
= ) d 3 .

1+p - pal’ll(ps — P) x n?
a ! ag € [0, 0] (15)
d=— 7 4> d s .

I(ps —p) xn|*

Eq. (13) assigns a large weight to the points near the point to be
projected (Azariadis, 2004), and Eq. (14) adds the distance between
the projection in direction n and the points (Azariadis & Sapidis,

2005). These two equations yield acceptable values for applica-
tions. However, they sometimes fail in high curvature regions of
the point set. This problem was addressed in Moon et al. (2017),
and a new method was proposed namely Eq. (15).

2.4. Adjustment of control points

We assume that a point p= (x.,y.2z:) is given, where
zc = f(Xc,¥.). Then, from Egs. (1) and (2), we have
fu— oz, 0= —g B (16)

2a=02-p-0(Ba($)Bs (1))

It means that the control point that interpolates z. is computed by
the amount of distance to z. multiplied by a weight ¢. This approach
can be extended to the adjustment of control points. We assume
that Adj = |p; — pU| where pU is the projection of p; on the point
set and pj is the point on the surface defined by the control points
¢ Then, the new control point is estimated to be ¢; = ¢; + aAdj
using (16), which defines an updated surface that closely approxi-
mates pg This adjustment step is applied to all control points one
by one, yielding a new surface approximating the point set. The
updated surface is then used to compute Adj. This process can be
repeated until the adjustment is less than the user defined
tolerance.

The adjustment of control points proposed in this work reduces

the error Adj as follows. At the k-th step, we have Aduk) = p,j pgj’o.

Then, we consider two consecutive errors Adﬁj"+1 and Adij". Con-

dM+U

sider the difference of Adj‘*" and Ad{’. Namely,

Ad}kﬂ Ad _ pz] pUk+l (Pf}’ _ pgc))7

=py -y,

- ZZ¢”bB Bb Z)j)
—ZZMﬁMWMwmm
fZZocAd o (i)By (7).

For  Ad{ >0,Adf"" —Ad{’ <0 because  Y°,57,0AdfBy(u;)

By(v;) > 0. Therefore, Ad k“ < Ad,j , which means that as the
adjustment step is repeated, the approximation error decreases.
For Adﬁjm < 0, a similar conclusion can be drawn. Here, o is the coef-
ficient that controls the convergence speed. In this work, oo = 1.49 is
used. For a 4 x 4 control points, we have o ~ 1.49 with s = 1/3 and
t =1/3 from (16). This particular value, which shows the best per-
formance, has been chosen empirically through a series of tests
with various o’s for each s=0,1/3,2/3,1 and t=0,1/3,2/3,1.
Using this process, the surface can be adjusted for reducing Ady,
which can represent more details on the surface and improve the
accuracy of the approximation.

Through a series of experiments, it is noticed that the error
reduction obtained by the iteration of the adjustment process is
not significant in most cases. Therefore, applying the adjustment
method once is sufficient in practice. However, if one iteration of
adjustment does not satisfy the tolerance, then we run the MBA
with a refined control lattice as shown in Fig. 3.

2.5. Measurement of approximation quality

In this study, the quality of approximation of the input point set
is measured using the RMSE (Root Mean Square Error). It is based
on the Euclidean distance which is the distance between a grid
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point on the approximation surface and its closest point among the
input points. Suppose that we have n, grid points and the input
point set P. Then, the RMSE is defined as follows:

RMSE — \/Z?z (Min(|G: — P[}))*

ng

(17)

Eq. (17) is suitable for evaluating the quality of approximation
compared to others that may involve curvature. The curvature is
a surface-intrinsic property that requires the second derivatives,
which are sensitive to the surface smoothness. When a surface is
represented by a set of points, distorted curvature values could
be obtained because the derivative computation from the discrete
points is highly affected by the level of noise in the point set. On
the other hand, the Euclidean distance is less sensitive to the noise.
Therefore, we used the Euclidean distance based measure in this
study.

3. Experimental results and discussion

Three different scattered data sets were used to demonstrate
the proposed method. The first example is a scattered data set rep-

(b)

177

resenting a human face as shown in Fig. 6(a). It consists of 9801
unstructured points. The MBA method with 19 x 19 control points
yielded an RMSE value of 0.0905, whereas the proposed method
yielded an RMSE value of 0.0902 with the same number of control
points. Although the RMSE values by the MBA and proposed meth-
ods are similar, the proposed method represented the shape of the
data points more accurately. The nose is better approximated by
the proposed method, as shown in Fig. 6.

The second example is a data set of a simulated landform. This
data set consists of 9801 data points, as shown in Figs. 7 and 8. In
this experiment, two different control nets were considered. Fig. 7
shows the approximation results by the MBA and the proposed
methods with 13 x 13 control points. The RMSE value of the pro-
posed method (RMSE =0.0167) is smaller than that of the MBA
method (RMSE =0.0194), and more details are approximated by
the proposed method as shown in Fig. 7. In Fig. 8, both methods
are compared using 23 x 23 control points. The proposed method
yielded a smaller RMSE (0.0099) value than the MBA method
(0.0116), and represented more small features.

In the third example, the same landform data set with more
points was considered. In this example, the 35 x 35 control points

(©)

Fig. 6. Result of the multilevel B-spline approximation and the proposed method. (a) The human face scattered data set. (b) Multilevel B-spline approximation (19 x 19
control points, RMSE = 0.0905). (c) The proposed method (19 x 19 control points, RMSE = 0.0904).

(b)

Fig. 7. Result of the multilevel B-spline approximation and the proposed method. (a) Landform scattered data set (N = 9801). (b) Multilevel B-spline approximation (13 x 13
control points, RMSE = 0.0194). (c) The proposed method (13 x 13 control points, RMSE = 0.0178).

£

(@)

(b)

(©

Fig. 8. Result of the multilevel B-spline approximation and the proposed method. (a) Landform scattered data set (N =249,001). (b) Multilevel B-spline approximation
(23 x 23 control points, RMSE = 0.0116). (c) The proposed method (23 x 23 control points, RMSE = 0.0105).
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(b)

©

Fig. 9. Result of the multilevel B-spline approximation and the proposed method. (a) Landform scattered data set (N =249,001). (b) Multilevel B-spline approximation
(35 x 35 control points, RMSE = 0.0124). (c) The proposed method (35 x 35 control points, RMSE = 0.0120).

Table 1

More examples. The number of input points, the size of control points, and RMSE for each case are provided.

No. Input data

Proposed

1

50,000 pts
2

45,000 pts
3

40,000 pts
4

11,726 pts

- | //’ RS

(35 x 35)
RMSE = 0.01741

MBA
N -
\ ,—/’ -

(35 x 35)
RMSE = 0.01735

(35 x 35) (35 x 35)

RMSE =0.03514

(35 x 35)
RMSE = 0.04284

(35 x 35)
RMSE = 0.03995

E F

(19 x 19)
RMSE = 0.01050

(19 x 19)
RMSE = 0.00897

were for comparison. The proposed method yielded a smaller
RMSE value (0.0119) than the MBA method (0.0124). Moreover,
the high curvature regions are better represented by the proposed
method, as shown in Fig. 9.

Four more examples were taken to demonstrate the perfor-
mance of the proposed method compared to the MBA approach
as shown in Table 1. As shown in the table, the proposed method
produces more accurate results than the MBA method for the same
number of control points. In addition, it represents more details of
the shape than the MBA method.

4. Conclusion

A novel method for improving the approximation accuracy in
the MBA scheme was proposed. The proposed method directly

adjusted the control points by considering the errors between
the approximated surface generated by the MBA method and the
input scattered points.

In contrast to the MBA method, the proposed method
increased accuracy without increasing the number of control
points. Therefore, the MBA method can avoid further refinement,
and the number of control points can be minimized. This can
reduce memory requirements and computation time for subse-
quent processes.

Currently, the weight value for the adjustment of the control
points is fixed to be 1.49. However, an optimal weight can be esti-
mated depending on the underlying geometric shape of the points.
Moreover, the amount of adjustment can be represented using the
multiwavelet method such as Geronimo and Marcellan (2015)
without introducing o in the adjustment. The computation of
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adaptive o and the derivation of an exact representation of the
amount of adjustment are recommended for future work.
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